We apply RMT, Network and MF-DFA methods to investigate correlation, network and multifractal properties of 20 global financial indices. We compare results before and during the financial crisis of 2008 respectively. We find that the network method gives more useful information about the formation of clusters as compared to results obtained from eigenvectors corresponding to second largest eigenvalue and these sectors are formed on the basis of geographical location of indices.
INTRODUCTION
Over the last few years, there has been a growing interest of physicists in economic systems [1, 3] . The Random Matrix Theory (RMT) was developed [2, 4, 5] to deal with the statistics of eigenvalues and eigenvectors of complex many-body systems and it has been successfully used to investigate phenomena from different areas such as quantum field theory, quantum chaos, disordered systems etc. and recently to a large number of financial markets [6? -21] to investigate the structure of cross-correlations in financial markets. The few largest eigenvalues deviate significantly from the RMT prediction. The largest eigenvalue represents the collective information about the correlation between different stocks and its trend is expected to be dependent on the market conditions, whereas the component of eigenvectors corresponding to remaining large eigenvalues are associated with the formation of different sectors in financial market. Complex network technique in nature have become important method for studying properties of complex systems in the real world and penetrated into statistical physics, social sciences, biological sciences, financial markets [25] [26] [27] [28] [29] [30] [31] 33] and many other fields. The study of complex networks has been initiated by a desire to understand various real systems from the empirical data [25] . Complex network display the spatial topological structure of a system, while the time series is the expression of the temporal dynamics. As one of most important advances in statistical physics, complex network theory has become a powerful tool for analyzing financial time series. In this paper, we use threshold and hierarchical method to construct the correlation network of financial indices. The network generated by threshold method [33] are in general disconnected. If the system present a clear cluster organization, threshold methods are typically able to detect them. One of the most common algorithms to detect a possible hierarchical structure hidden in the data is given by the Minimum Spanning Tree (MST) [34, 35] and has been applied successfully [36] [37] [38] [39] . This method selects only the indices with closest interactions among all indices and it generates a visual presentation of the linkage relationship among selected interactions between financial indices [40] [41] [42] [43] [44] [45] [46] [47] [48] . The MST performs better role in identifying the economic sectors from the correlation matrix when it is compared with other more traditional methods, such as spectral methods [48] . In the later procedure one extract the eigenvectors of the correlation matrix and identifies sectors as groups of indices which have a large component (compared to others) in an eigenvector. Despite the fact that this method gives some useful information [13] , the eigenvectors sometimes mix different economic sectors (especially when eigenvalues are close to one another). To find multifractal properties in a given financial time series, the Multi-Fractal Detrended Fluctuation Analysis (MF-DFA) [52] is a robust and powerful technique which identifies and quantifies the multiple scaling exponents within a time series. It has been successfully applied in different and heterogeneous scientific fields to study the multifractal properties [53] [54] [55] [56] [57] [58] [59] . To find the origin of multifractality in time series one can compare the MF-DFA results for the original time series with those of shuffled and surrogated time series [52, [60] [61] [62] . There are two types of multifractality in the series: (i) multifractality due to a broad probability density function for the values of the time series, this type of multifractality cannot be removed by shuffling the series (ii) multifractality due to different long range correlations for small and large fluctuations, here the corresponding shuffled series will exhibit non-multifractal scaling, since all long-range correlations are destroyed by the shuffling procedure. If both kind of multifractality are present in a given series than the shuffled series will show weaker multifractality than the original one.
In this paper, we apply the RMT, complex network and MF-DFA method to the global financial indices and study financial indices before and during the global financial crisis of 2008 [22, 23] and second, we study multifractal properties of 20 financial indices. This paper is organized as follows: In Section II, we discuss the data. Section III describes the RMT approach and results. In Section IV, we discuss the construction and analysis of complex network of financial indices using threshold and MST method. The MF-DFA method to study multifractal properties and its application to global financial indices are discussed in Section V. Finally we conclude in Section VI. N225, Singapore: STI, Switzerland: SSMI, UK: FTSE, and US: GSPC. The data has been obtained from [24] . There are differences in public holidays or weekends among countries so we shifted the data according to the rule that when more than 30% of markets did not open on a particular/certain day, we remove that day from the data, and when it is below 30%, we kept existing indices and inserted the last closing price for each of the remaining indices. Also these markets do not operate at the same time zones. It has been studied [15, 19, 20] that correlations of Asian with the USA indices increases when one considers the correlation of the USA indices with the next day indices of the Asian market. We did not considered weekly data to avoid the problem of different operating hours between international market so that we do not miss major changes in markets which tend to occur during a small interval of days. Thus, we consider all indices taken at the same date and filtered the data accordingly.
RANDOM MATRIX THEORY APPROACH
Random matrix theory (RMT) originally developed [4] to study the interaction in complex quantum systems has been useful in the analysis of universal and non-universal properties of cross-correlations between different stocks [7, 9, 10, 14, 15] . Let S i (t) and R i (t) denote the daily closing prices and returns of indices i at time t (i = 1, 2, ..., N; t = 1, 2, ..., L), respectively. The logarithmic returns R i (t) can be defined as,
where ∆t = 1 day is the time lag. The normalized returns for indices i is defined as,
where
is the standard deviation of R i , and · · · denotes a time average over the period studied. We then compute the equal-time cross-correlation matrix C with elements,
The elements of C ij are limited to the domain −1 ≤ C ij ≤ 1, where C ij = 1 defines perfect positive correlations, C ij = −1 corresponds to perfect negative correlations, and C ij = 0 corresponds to no correlation. If N time series of length T are mutually uncorrelated, the resulting cross-correlation matrix is termed as a Wishart matrix. Statistical properties of such random matrices are known [5] . In the limit of N → ∞ , L → ∞, such that Q ≡ L/N ≥ 1, the probability distribution P rm (λ) of the eigenvalue λ is given by,
for λ within the bounds λ 
We study the data of N = 20 financial indices before and during the financial crisis of shown in Fig. 8 , we consider these two periods as the period before and during the financial crisis of 2008 respectively. We then construct the cross-correlation matrix C ij from daily returns of N=20 indices before and during crisis periods. The probability densities of C ij , P (C ij ) for both periods are compared in Fig. 9 . The largest eigenvalue deviating from RMT prediction reflects that some influence of the full global market is common to all indices and it alone yields "genuine" information hidden in C. The range of eigenvalues within the RMT bounds corresponds to noise and do not yield any system specific information. Therefore, we compare the properties of C with those of a random correlation matrix in Fig. 10 and Fig. 11 respectively to extract information about the cross correlations. If there is no correlation between these financial indices, the eigenvalues should be bounded between RMT predictions i.e. λ .5282. Here, we find that largest eigenvalues deviate significantly from the upper bound λ rand max which shows a strong correlation between financial indices. We also find an increase in the value of < C ij >= 0.4353 before the crisis and < C ij >= 0.4634 during the crisis period. Since the largest eigenvalue represents the collective information about the correlation between different indices therefore we expect its trend to be dependent on the market conditions [9, 10, 12, 17] and can be seen in Fig. 12 which is plotted for eigenvectors corresponding to first largest eigenvalue. We find that eigenvectors corresponding to second largest eigenvalue give the information about a sector formation in global financial indices. In Fig. 13 , we compare eigenvectors corresponding to second largest eigenvalue before and during the financial crisis. Countries corresponding to financial indices above eigenvector threshold 0.15 that are contributing most to eigenvectors corresponding to second largest eigenvalues are as follows: Argentina, Brazil, Mexico, France, Germany, Switzerland, UK, US (before the crisis) and Indonesia, Malaysia, South Korea, Taiwan, Australia, Hong Kong, Japan, Singapore (during the crisis). We find that these sectors are forming on the basis of the geographical location. Before crisis indices of Americas m=1 X m (t), at time t and may be expected to reflect the correlation of the market at that time. This is called the Correlation Index (CI) [13, 14] . Temporal evolution of the correlation index is shown in Fig. 6 .
CONSTRUCTION AND ANALYSIS OF THE CORRELATION NETWORK OF FI-NANCIAL INDICES
The main idea of constructing the index correlation network is as follows: Let the set of index represent the set of vertices of the network. A certain threshold θ is specified such that −1 ≤ θ ≤ 1 and an undirected edge connecting the vertices i and j if the correlation coefficient C ij is greater than or equal to θ. Different values of θ define the networks with the same set of vertices, but different set of edges [33] . Let the graph G = (V, E) represent the index correlation network, where V and E are the set of vertices edges respectively. E is defined by
We construct networks for different values of threshold θ in the range 0 to 0.9. We find that at threshold θ = 0.2 the network is fully connected. In the network at threshold θ = 0.6
( Fig. 18 ) the Americas, Europe and Asia/pacific forms different clusters before the crisis but during the crisis Americas and Europe forms a combined cluster of strong link between them. If we further increase the threshold θ up to 0.9 we find that European countries:
France, Germany and UK, consistently constitute the most tightly linked markets for both before and during the crisis.
Topology structure of the network
Mean Degree: The degree of vertex i is k i = j =i e ij which denotes the vertex number connecting with i. The mean degree is based upon the degree. It shows how many neighbors a node in the network has in average. This measure can only be calculated when the network has at least one edge connecting the nodes. In Prim algorithm is an algorithm in graph theory that finds a minimum spanning tree for a connected graph i.e. it finds a subset of the edges that forms a tree that includes every vertex, where the total weight of all the edges in the tree is minimized. If the graph is not connected, then it will only find a MST for one of the connected components. The MST shows the presence of clusters of nodes (indices) which are quite homogeneous and it also displays a structure in subclusters where nodes are indices belonging to the same subsector.
We find that there is a strong tendency for financial indices to organize by geographical location that can be seen in Fig. 24 (a) and (b) . Before the crisis the structure of MST is more star like whereas during the crises it changes to be more chain like. Using MST, we find that there is a strong tendency for financial indices to organize by geographical location.
MULTIFRACTAL DETRENDED FLUCTUATION ANALYSIS
We define the normalized logarithmic returns as g t = logS(t+1)−logS(t) σ of length N, where S(t) denotes the daily closing prices of the index and σ is the standard deviation of logarithmic returns. In order to study the multifractal properties of 20 financial time series, we use the MF-DFA method [52] which consists of five steps.
Step 1: Calculate the "profile",
where N is the length of series and < g > is the mean of g t .
Step 2: Divide the profile Y (i) into N s ≡ int(N/s) non-overlapping segments of equal length s. Since the length of the series is often not a multiple of the considered time scale s, a short part of the series remains, the same procedure is repeated starting from the opposite end. Thereby, 2N s segments are obtained altogether.
Step 3: Calculate the local trend for each of the 2N s segments by a least-square fit of the time-series. Then determine the variance
is the fitting polynomial in segment ν.
Step 4: Average over all segments to obtain the q th order fluctuation function,
here, the variable q can take any real value except zero [52] .
Step 5: Determine the scaling behavior of the fluctuation functions by analyzing log-log plot of F q (s) versus s for each value of q. If the time series g t are long-range power-law correlated, F q (s) increases for large value of s, as a power-law F q (s) ∼ s h(q) . By construction, F q (s) is defined for s ≥ m + 2. The family of scaling exponents h(q) can be obtained by observing the slope of the log-log plot of F q (s) versus s. h(q) is the generalization of the Hurst expo-nent H(≡ h(2)). The monofractal time series are characterized by a single exponent over all time scales i.e. h(q) is independent of q, whereas for multifractal time series, h(q) varies with q. Obviously, richer multifractality corresponds to higher variability of h(q). Then, the multifractality degree can be quantified by ∆h = h(q min ) − h(q max ). As the large fluctuations are characterized by smaller scaling exponent h(q) than small fluctuations therefore h(q) for q < 0 are larger than those for q > 0 and ∆h is positively defined. We calculate Hurst exponents for financial indices before and during the crisis. Fig. 15 show increase in the value of Hurst exponents for most of the financial indices during the crisis as compared to period before the crisis. We also find the multifractal degree (∆h) of financial indices before and during the crisis and results are compared in Fig. 16 . Here, we see that there is no significant variation in the multifractal degree except the indices of Egypt, Malaysia, Taiwan, Israel, and Singapore. We also study multifractal properties of 20 financial indices for entire period i.e. July 2, 1997 to June 1, 2009 (due to large number of figures these results are not shown instead we compared multifractal results in the Table. 1). To find the origin of multifractality in financial time series, we have shuffled these series. In the shuffling procedure the data are put in the random order. So, all temporal correlations are destroyed without effecting the probability density function. In order to quantify the influence of the fat-tail distribution, we generate the surrogate time series from original series by using the Schreiber method [63] . This algorithm for generating the surrogate data is based on a simple iteration scheme called Iterated Amplitude-Adjusted Fourier Transform (IAAFT), which is an improved version of the phase randomization algorithm [64] . In Table 1 , we compare the multifractal degrees for original, shuffled, and surrogated time series respectively. We find that there is a contribution of long-range correlation as well as broad probability density function in multifractality of all financial indices except the Taiwan index where the multifractal degree for shuffled and surrogate series are weaker than those of original series. In for different values of threshold θ in the range 0 to 0.9, we find that at threshold θ = 0.2 the network is fully connected. At threshold θ = 0.6, we find that the Americas, Europe and Asia/pecific form different clusters before the crisis but during the crisis Americas and
Europe are strongly linked. If we further increase the threshold θ up to 0.9 we find that European countries France, Germany and UK consistently constitute the most tightly linked markets before and during the crisis. We also study the topological properties (mean degree, clustering coefficients, connected components, and clique) of correlation network before and during the crisis. Before the crisis the structure of MST is more star like whereas during the crises it changes to be more chain like. Using MST, we find that there is a strong tendency for financial indices to organize by geographical location. We study multifractal properties of 20 financial indices. A change in the value of Hurst exponent before and during the crisis is observed for financial indices. We compare the multifractal degrees for original, shuffled, and surrogated time series respectively and find that there is a contribution of long-range correlation as well as broad probability function in the multifractality of financial indices except the index of Taiwan as multifractal degree for shuffled and surrogate series are weaker than those of original series. We find that financial indices corresponds to Americas and Europe almost lie in the same range of degrees of multifractality. India, South Korea, Hong
Kong are found to be near the degrees of multifractality of indices corresponds to Americas and Europe. A large variation in degrees of multifractality in Egypt, Indonesia, Malaysia, Taiwan and Singapore may be a reason that when we increase the threshold in financial network these countries start getting disconnected at low threshold from the correlation network of financial indices. We fit the Binomial multifractal model to financial indices.
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